Abstract The mechanism by which the human primary motor cortex (M1) encodes upper extremity movement kinematics is not fully understood. For example, human electrocorticogram (ECoG) signals have been shown to modulate with upper extremity movements; however, this relationship has not been explicitly characterized. To address this issue, we recorded high-density ECoG signals from patients undergoing epilepsy surgery evaluation as they performed elementary upper extremity movements while systematically varying movement speed and duration. Specifically, subjects performed intermittent pincer grasp/release, elbow flexion/extension, and shoulder flexion/extension at slow, moderate, and fast speeds. In all movements, bursts of power in the high-c band (80-160 Hz) were observed in M1. In addition, the amplitude of these power bursts and the area of M1 with elevated high-c activity were directly proportional to the movement speed. Likewise, the duration of elevated high-c activity increased with movement duration. Based on linear regression, M1 high-c power amplitude and duration covaried with movement speed and duration, respectively, with an average r 2 of 0:75 AE 0:10 and 0:68 AE 0:21. These findings indicate that the encoding of upper extremity movement speed by M1 high-c activity is primarily linear. Also, the fact that this activity remained elevated throughout a movement suggests that M1 does not merely generate transient instructions for a specific movement duration, but instead is responsible for the entirety of the movement. Finally, the spatial distribution of high-c activity suggests the presence of a recruitment phenomenon in which higher speeds or increased muscle activity involve activation of larger M1 areas.
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Introduction
Subdurally recorded electrocorticogram (ECoG) signals, particularly in the c band ([30 Hz) , are known to be modulated with movements. For example, event-related synchronization (ERS) of the ECoG c band has been observed in response to both upper (Crone et al. 1998a; Pfurtscheller et al. 2003; Miller et al. 2007; Fujiwara et al. 2016 ) and lower (Fujiwara et al. 2016 ) extremity movements. Early studies from Crone et al. (1998a) reported on transient ERS in the high-c band during fist clenching. Similar findings have been reported by Pfurtscheller et al. (2003) and Miller et al. (2007) . More recently, Anderson et al. (2012) demonstrated that ECoG high-c signals were linearly modulated by arm speed during center-out reaching and circle drawing tasks. Hammer et al. (2016) also showed that ECoG power in the 50-1000 Hz band is modulated with arm movement speed during steering wheel and joystick movements with different speeds. Despite these findings, the explicit relationship between ECoG and upper extremity kinematics at individual degrees of freedom (DOFs) remains incompletely understood. For example, the studies by Crone et al. (1998a) , Pfurtscheller et al. (2003) , were limited to fist clenching movements, and so it is unclear if their findings generalize to other upper extremity DOFs. On the other hand, Anderson et al. (2012) and Hammer et al. (2016) studied complex movements that involve dynamic interaction of multiple DOFs, which makes it difficult to understand the control of elementary upper extremity movements. In addition, these studies did not systematically vary the movement speed and duration. Meanwhile, many studies reported on the decoding of movement trajectories from ECoG high-c signals Pistohl et al. 2008; Kubánek et al. 2009; Acharya et al. 2010; Wang et al. 2011b Wang et al. , 2013d . However, these ''black box'' approaches are focused on maximizing the correlation between the actual and decoded trajectories, which does not necessarily contribute to the physiological understanding of ECoG signals underlying upper extremity kinematics. In addition, relatively modest decoding results (correlation coefficients ranging from 0.43 to 0.69) indicate that these models could significantly benefit from better understanding of the underlying physiological processes.
Neuroimaging approaches, including functional magnetic resonance imaging (fMRI) and positron emission tomography (PET), have also found a relationship between movement velocities and M1 metabolic activity (Turner et al. 1998; Jäncke et al. 1999; Lutz et al. 2004 ). However, due to the susceptibility to motion artifacts and limited space in the MRI and PET scanners, these studies only examined movements at small joints such as fingers. In addition, the lack of temporal resolution in these techniques precludes the examination of the precise timing between movements and the underlying brain activity. Finally, similar to the existing ECoG-based studies, these neuroimaging studies did not employ a systematic variation of velocity and movement duration.
Motivated by this knowledge gap, we performed preliminary studies where we identified a high degree of correlation between the waveforms of ECoG high-c (80-160 Hz) power and the waveforms of arm movement velocity (Wang et al. 2013a, b) . Furthermore, the duration of elevated ECoG high-c power seemed to match the duration of elementary upper extremity movements at six individual DOFs. A systematic variation of arm movement speed and duration in a single subject corroborated this observation (Wang et al. 2014) . However, given the limited sample size, it remains unclear whether high-c represents the primary motor cortex (M1) activity necessary to drive a movement throughout its entire duration, or if these power bursts last only a brief time to provide instructions for a specific movement duration and intensity while other neural centers are responsible for activating the muscles accordingly. To address this issue and to better understand the role of M1 in motor control of the arm and hand, this study systematically varied the velocity (speed and direction) and duration of three elementary upper extremity movements in a population of subjects undergoing ECoG electrode implantation.
Methods Overview
Patients undergoing epilepsy surgery evaluation with ECoG electrodes implanted over the arm motor cortex were recruited for the study. They performed three elementary types of movements with the arm contralateral to the ECoG implant. The movements consisted of flexions and extensions, each intervened by a brief idling period, and were performed at three different speeds (fast, moderate, and slow). The ECoG signals and trajectories underlying each movement were simultaneously recorded. The ECoG high-c power underlying each flexion and extension event was then analyzed, and its relationship to the movement velocity and duration was characterized.
Subjects
This study was approved by the Institutional Review Board of the University of California, Irvine and the Rancho Los Amigos National Rehabilitation Center. Subjects were recruited from a population of individuals temporarily implanted with subdural ECoG electrodes for epilepsy surgery evaluation. Subject selection was limited to those with high-density (HD) electrode grids (electrode diameter: 2 mm, inter-electrode distance: 4 mm) covering the M1 upper extremity representation area. Note that HD grids have been shown to encode arm movement parameters with a higher resolution than standard ECoG grids (Wang et al. 2016) .
Signal acquisition and experimental task
Up to 64 channels of ECoG data were recorded using a pair of linked NeXus-32 bioamplifiers (Mind Media, Roermond-Herten, The Netherlands). The signals were acquired at 2048 Hz with common average referencing and a built-in 553 Hz low-pass filter. Subjects performed the following elementary upper extremity movements on the side contralateral to the ECoG electrode implant: (1) pincer grasp and release (PG); (2) elbow flexion and extension (E); and (3) shoulder forward flexion and extension (SFE). Prior to data collection, a motion sensor was mounted on the joint of interest. Specifically, the trajectory of PG movements was measured by a custom-made electrogoniometer (Wang et al. 2011a ) placed over the metacarpophalangeal joint of the index finger. The trajectories of E and SFE movements were measured by a gyroscope (Subjects 1-4: Wii Motion Plus, Nintendo, Kyoto, Japan; Subjects 5-7: L3GD20 three-axis gyroscope, STMicroelectronics, Geneva, Switzerland) placed at the distal forearm and distal upper arm, respectively. Both devices were calibrated using conventional goniometry. The trajectory measurements were acquired using an Arduino microcontroller unit (Smart Projects, Turin, Italy) . ECoG data were synchronized with the trajectory signals using a common pulse train sent to both acquisition systems.
Each type of movement was performed at fast, moderate, and slow speeds (see Table 1 for details) as guided by a computer animation (a pair of moving sticks) representing the moving joint (see Fig. 1 ). Subjects were familiarized with each movement task by previewing the corresponding animation and performing a brief practice run. The animation cued the subjects to fully flex the limb segment of interest at the specified speed and subsequently hold this position isometrically for a specific time. The subject was then cued to fully extend at the same speed, followed by holding this position isometrically for a specific time period. These isometric (iso) flexion and extension periods were introduced to prevent potential temporal overlap of ECoG features underlying flexion and extension. The isometric period was set to 3-5 s based on our previous observations (Wang et al. 2014) . For each elementary movement type, the above procedure was repeated to generate 40 flexions and 40 extensions. An exception was the slow SFE movement, in which only 20 flexions and 20 extensions were performed in order to prevent subject fatigue. To establish a baseline, subjects were instructed to idle with the joint of interest resting at a neutral position for 30 s before and after these animation-guided movements.
Analysis

Identification of M1 channels
Only electrodes placed over M1 were used in the analysis. First, MRI and computed tomography (CT) scans of the head were co-registered as described in Wang et al. (2013c) , and all ECoG electrode locations were determined. Subsequently, M1 was defined as the anatomical region between the central and pre-central sulci, and electrodes overlying this area were identified.
High-c power calculation
Since the high-c band has been shown to be strongly modulated with motor behavior (Crone et al. 1998a, b; Pfurtscheller et al. 2003; Wang et al. 2013a ), the analysis focused on determining the relationship of high-c power in M1 with movement speed and duration. For each channel, the ECoG signal, denoted by x(t) (see Fig. 2b ), was processed by a cascade of two Butterworth filters (4th order, zero-phase, band-pass: 80-160 Hz). The resulting signal (Fig. 2c) was then squared to obtain the instantaneous high-c band power, x 2 c ðtÞ (Fig. 2d) . The x 2 c signal was low-pass filtered ( 2.5 Hz, 4th order, zero-phase, Butterworth filter) to create the envelope signal, denoted by P c (see Fig. 2e ). Note that this step also significantly reduces the noise in x 2 c .
Signal segmentation
Since high-c power is expected to be elevated during movement, the first step is to segment the movement Subjects were cued to (1) perform maximum flexion for the specified duration, (2) hold position for 3-5 s, (3) perform maximum extension for the specified duration, and (4) hold position for 3-5 s. This sequence is repeated 20 or 40 times depending on the movement type Brain Struct Funct (2017) 222:3705-3748 3707 trajectories into individual flexion and extension movement events. To this end, the movement velocity, x, was derived from the electrogoniometer or gyroscope measurements, and time segments where jxj [ 5 =s were identified (Fig. 2a) . The onset (T 1 ) and offset (T 2 ) of each movement event were defined as endpoints of these segments. The average velocity during each movement event was characterized by temporal averaging:
Similarly, the average amplitude of the high-c power envelope during each movement event was characterized ( Fig. 2e) : 
Movement speed relabeling
To account for the subjects' occasional deviations from the animation-guided movements, movement events from all speeds were relabeled based on the statistics of x or W M , depending on whether the analysis examined the high-c power (Sect. 2.4.5) or duration (Sect. 2.4.6), respectively. For example, if the subject was instructed to make fast movements but could not keep up with the animation, such movements may need to be relabeled according to x derived from the motion sensor data. Similarly, if the subject did not complete a movement across the full range of motion even if the assigned speed was achieved, W M would be expected to be shorter and would therefore require relabeling. To this end, either x or W M across movement events were modeled as a mixture of three Gaussian distributions (one for each speed class) and a uniform distribution to model outliers (Fraley and Raftery 1998; Nenadic and Burdick 2006) . The parameters of this mixture were estimated using the expectation-maximization algorithm (Dempster et al. 1977) . A movement event was assigned to a speed class if its membership probability to the corresponding Gaussian component was greater than 0.75. Note that this corresponds to the Bayes factor [3, thus providing substantial evidence for class assignment (Kass and Raftery 1995) . The remaining events were classified as outliers.
Determining spatial characteristics of M1 High-c activity
Since ECoG grid placement is guided by clinical needs, the extent of M1 coverage is expected to vary among subjects. Therefore, to determine which movements' representation areas were covered, a brain map of P c was generated. First, for each movement type and speed, the average P c across all flexion and extension movements was overlaid onto the brain image. This helped localize the involvement of highc activity in each movement type. Based on somatotopy, the brain is expected to exhibit strong high-c signals for PG, E, and SFE in a lateral to medial distribution. To ascertain the presence of such a distribution, the P c maps for each movement type were summed over the three speeds, and the electrode with the maximum value was designated as the ''core electrode.'' The locations of the core electrodes across movement types were qualitatively compared to determine if they exhibit a somatotopic distribution. For additional comparison, the P c during periods of isometrically flexed and extended states ( Fig. 2a) were calculated, and their averages were mapped onto the brain image in the same manner.
Determining spatial characteristics of M1 High-c duration
To determine whether high-c activity persists for the entire duration of a movement event, a map of D M =W M was generated. Note that this normalization also facilitates a meaningful comparison of duration across subjects and speeds. To this end, the ratio D M =W M was averaged across all movement events for each movement type and direction. These values were then projected on to the brain image. Furthermore, to quantify the spatial changes of D M =W M , the maps were aggregated across subjects and represented as scatter plots of D M =W M vs. distance to core electrodes. Correlations were calculated to check whether D M =W M decreased with increasing distance to core electrodes. To verify that the threshold for the definition of D M (see Sect. 2.4.3) is appropriate, similar analysis was performed on the idling periods immediately before and after each corresponding movement event (see Fig. 2e ). More specifically, the duration of a period with P c above the threshold (D I ) was divided by the duration of these idling periods (W I ). These idling fractions (D I =W I ) were then averaged across movement events and mapped onto the brain image. Note that if the threshold was chosen appropriately, P c would not be expected to exceed this threshold during idling periods.
Speed class comparisons
To determine how high-c activity varies with movement velocity, for each subject, movement type, speed, and direction, the mean M1 power (P c ) was first derived by averaging P c across all M1 channels during each movement event. For comparison, the P c underlying idling epochs as well as the isometric flexion and extension epochs were also included in the analysis. Note that the baseline idling epochs were derived by dividing the 30-s Brain Struct Funct (2017) 222:3705-3748 3709 baseline idling periods into 3-s long segments. To account for varying electrode impedances across subjects and facilitate population level comparison, P c were standardized. Specifically, for each subject and movement type, P c was transformed so that its median and MAD during idling were 0 and 1, respectively. Then, for each movement type, speed, and direction, these values were aggregated across all events and subjects. Finally, a Mann-Whitney U test was used to compare the mean M1 power at all pairwise combinations of movement speeds within each movement type and direction. A similar analysis was used to determine how D M changes with movement velocity. Specifically, for each subject, movement type, speed, and direction, the mean duration was found by averaging D M across those M1 channels where P c exceeded the defined threshold (see Sect. 2.4.3). These values were then aggregated across all detectable movement events (movement events where there was a threshold crossing for at least one M1 channel) and subjects for each movement type, speed, and direction. Likewise, all pairwise combinations of average D M were compared using a MannWhitney U test. Note that unlike P c above, there was no need to standardize the average duration.
Regression-based analyses
To measure the strength of the linear relationship between P c and x as well as between D M and W M , the coefficients of determination (r 2 ) were calculated, and their spatial distributions were investigated. More specifically, for each subject, movement type, direction, and M1 channel, the values of P c and x were aggregated across all movement events and speed classes. The values of P c and x underlying the fully-flexed and fully-extended isometric epochs were also included in the analysis. From these data, the following linear regression models were estimated:
and the r 2 was calculated as the square of the Pearson product-moment correlation coefficient between the variables in each regression model. The r 2 values were then projected onto the brain maps.
For each subject, movement, and direction, the distances between the core electrodes and the electrodes with the highest r 2 were calculated.
Control experiment
To determine if viewing the computer animations alone caused any modulation in M1 high-c signals, two subjects watched the animations for the PG movement at all speeds without making any movements. The underlying ECoG signals were subjected to the same speed class comparisons. Note that for this control analysis, the x signal was derived from the animations.
Results
Seven patients implanted with HD-ECoG electrode grids were recruited and gave their informed consent to participate in the study. Their demographic data are presented in Table 2 and their grid locations are shown in Fig. 3 . All subjects were able to complete the experiments as described in Sect. 2.3. The ECoG signals were pre-processed as explained in Sect. 2.4.2. Representative time series of the resulting P c signals are shown in Fig. 4 .
Spatial coverage
Inspection of the high-c activity maps confirmed that ECoG grids were placed over the M1 arm area and were able to sense signal modulations for all movement types. The spatial distribution of high-c power (Eq. 2) across all M1 electrodes is shown in Fig. 5 for a representative subject. These spatial maps demonstrated that there were clusters of electrodes exhibiting elevated high-c activity for all movement types and speeds. These relevant electrodes typically clustered near the core electrode (as defined in Sect. 2.4.5), and as the movement speed increased, these clusters tended to expand. Moreover, these clusters corresponding to PG, E, and SFE movements were typically spatially organized in a somatotopic lateral-to-medial distribution. Conversely, the activity maps during idling periods showed no high-c power elevation. The D M =W M and D I =W I proportions were determined as explained in Sect. 2.4.6 and are shown in Fig. 6 for a representative subject. Generally, these maps indicate that there are clusters of channels that exhibit higher values of The scatter plots of D M =W M fraction versus the distance from the core electrode were generated as explained in Sect. 2.4.6 and are shown in Fig. 7 . For each movement type and direction, D M =W M was inversely correlated with the distance from the core electrode (average correlation coefficient: À0:480). All the correlation coefficients were statistically significant, with the highest (worst-case) p value being 0.0038, as ascertained by Monte Carlo simulations.
Speed class comparison results
The speed class comparison analysis was performed as described in Sect. 2.4.7 and the results are summarized in Fig. 8a . Note that a total of 23.6 and 27.7% of movement events were relabeled to another speed class based on the statistics of x and W M , respectively, to account for For Subjects 6 and 7, grids could be visualized on MRI alone, thus coregistration with CT was not necessary. For Subject 1, MRI scan was not available due to the presence of metal inside his body. Thus, localization was performed by identifying the central sulcus location using pre-and post-implantation CT scans, and the electrode locations relative to the central sulcus and other anatomical landmarks are portrayed here deviations described in Sect. 2.4.4. Figure 8a demonstrates that the mean and variance of M1 high-c power, (P c ), increased with movement speed for all movement types and directions. In addition, the values of P c were significantly different across all pairwise combinations of movement speeds, idling epochs, and isometric epochs. The only exception was the combination of idling and isometric PG extension. A similar analysis was performed for the high-c duration (D M ), and the results are summarized (Fig. 8b) . Unlike P c , the mean and variance of D M decreased with movement speed for all movement types and directions. Similarly, the values of D M were significantly different across all pairwise combinations of movement speeds.
Regression-based analyses
Regression analyses were performed for P c vs. x and for D M vs. W M , and the coefficient of determination, r 2 , was calculated on a per-electrode basis for each subject, movement type, and direction (see Sect. 2.4.8). The resulting r 2 values were mapped onto the brain image. A representative map of the r 2 between P c and x is shown in Fig. 9 . From these maps, clusters of electrodes ''relevant'' for encoding movement velocity are identified as those exhibiting elevated r 2 values, nominally defined as electrodes with r 2 [ 0:5. The maximum r 2 values over channels were categorized into movement types and directions and are presented in Table 3 . Interestingly, the electrodes with the highest r 2 were not always the core electrodes. However, they were often close to each other. The distances between them are also summarized in the table. The per-subject r 2 values and distances are provided in Tables 4 and 5 .
Similarly, the maps of r 2 values between D M and W M are shown in Fig. 10 for a representative subject. Likewise, the clusters of electrodes with r 2 [ 0:5 were considered ''relevant'' for the encoding of movement duration. Note that the two sets of relevant electrodes (velocity and duration) generally overlapped (details further below). In addition, these clusters typically included the core electrodes. As above, the maximum r 2 values and distances were averaged and the results are summarized in Table 3 , and the per-subject values are provided in Table 4 .
Control experiment
Subjects 5 and 6 watched the computer animations for PG movement at all speeds without making actual movements. The speed class comparison was performed as described in Sect. 2.4.7, and the results showed no difference in the P c between all speed classes and idling (see Fig. 11 ). In addition, the spatial distribution of high-c power across M1 electrodes exhibited no activity compared to actual movements (see Figs. 36, 37) . These findings indicate that watching the animations alone did not cause any elevation in M1 high-c activity as compared to the idling state.
Discussion
The main findings of this study are twofold. First, there are clusters of M1 channels that exhibit high-c power amplitudes proportional to the speed of three elementary movement types. Second, the duration of the elevated M1 high-c activity is proportional to the duration of the movement. These findings will be discussed in context of the speed class comparisons and regression analyses below. 
Movement velocity encoding
The results in Table 3 , Figs. 2, 8 , and 9 demonstrate that M1 high-c activity modulates with movement speeds. In addition, the somatotopic features of the high-c power maps (Fig. 5) and r 2 maps (Fig. 9 ) across most subjects and movement types make the above results anatomically plausible. A straightforward interpretation of these results is that M1 high-c activity directly encodes movement speeds. An alternative physiological interpretation is that M1 high-c activity may directly encode for muscle activity, since faster movements require quicker muscle contractions and recruitment of more muscle fibers. This hypothesis is further supported by the fact that high-c activity during isometric contractions is higher than during the idling state, despite speed being zero under both conditions (see Fig. 8a ). However, resolving these competing hypotheses would require repeating this study with the addition of electromyogram (EMG) recordings. Faster movement speeds were associated with a greater number of channels with increased high-c power (Fig. 5) . This suggests that a spatial recruitment phenomenon may be occurring, in which additional M1 areas become active when a higher movement speed is required. These recruited areas were typically centered around core electrodes, suggesting that there are core M1 areas responsible for slower movements while surrounding peripheral areas are activated with faster movements. It is noteworthy that this recruitment phenomenon bears resemblance to the spatial recruitment process in neuromuscular motor units (Person 1974) , which raises the possibility that spatial recruitment of M1 areas drives motor unit recruitment.
Movement duration encoding
The results in Table 3 , Figs. 8 and 10 indicate that M1 controls the duration of movement by continuously generating elevated high-c activity for a period of time that is proportional to the intended movement duration. Furthermore, Figs. 6 and 7 show that this observation is most pronounced in core channels and those nearby, and less so in channels that are further away. More specifically, the period of elevated high-c activity in peripheral areas is shorter compared to those of the core areas. Consistent with the above hypothesis, it is possible that these peripheral areas are ''recruited'' only briefly, i.e., when x reaches its peak values during each movement event.
Comparison to prior findings
To the best of our knowledge, a comprehensive investigation of ECoG signals underlying systematic variations in the speed and duration of elementary upper extremity movements has not been performed. Nevertheless, the results observed in this study are consistent with a number of prior studies examining neuronal encoding of upper extremity movements. At the same time, the current study reports on physiological phenomena not described elsewhere. Crone et al. (1998a) showed that the high-c band (75-100 Hz) exhibited a transient event-related synchronization in response to fist clenching movements. A generalization of this phenomenon was observed in this study at three upper extremity joints, albeit with a different high-c definition. In addition, they observed movement-related high-c modulation in only three out of five subjects and only for a single movement type. In contrast, the present study found this to be true in all seven subjects and across three movement types. Also, the lack of movement trajectory or force data in Crone et al. (1998a) makes it difficult to draw further comparisons. Similarly, both Anderson et al. (2012) and Hammer et al. (2016) have demonstrated that hand speed is proportional to ECoG high-c power during natural hand/arm movement tasks. However, they did not vary movement speed or duration in a systematic manner, which may have been responsible for the modest degree of high-c modulation. Furthermore, executing these tasks requires a combination of two or more elementary arm movements, which may confound the interpretation of their findings. In addition, the lack of MRI/CT data in Anderson et al. (2012) precludes interpretation of their results in a spatial context. In contrast, the current study focused on elementary movements as well as the spatial distribution of high-c activity, which revealed that individual joints not only have somatotopic representation, but that each of these representation areas exhibit a spatial recruitment phenomenon as the movement speed increases. Microelectrode recordings from M1 of non-human primates have also indicated that increasing the upper extremity movement force is associated with higher neuronal firing rates (Cheney and Fetz 1980; Evarts 1968; Humphrey et al. 1970 ). However, these findings are limited to only a very focal area of the brain due to the narrow spatial coverage of microelectrodes. On the other hand, despite lower temporal resolution, the increased ECoG spatial coverage allowed us to observe that M1 recruitment occurs as force/speed increases. Note that testing the ''recruitment hypothesis'' with microelectrodes will require surgical implantation of multiple spatially distributed microelectrode arrays and will likely limit such a study to non-human primates only.
Human upper extremity movements have also been studied using functional neuroimaging approaches, such as fMRI and PET. For example, Turner et al. (1998) used PET to show that M1 regional cerebral blood flow (rCBF) is correlated with the velocity of shoulder rotation. Similarly, fMRI studies showed that finger movement velocity is correlated with the M1 BOLD signal (Jäncke et al. 1999; Lutz et al. 2004 ). However, the limited temporal resolution of these neuroimaging techniques precludes analysis on time scales of individual movements as performed in the present study. Furthermore, since movements within PET and MRI scanners are constrained by limited space and susceptibility to motion artifacts, these methods are not Table 3 Summary of the maximum r 2 values averaged across subjects (n ¼ 7) and the distances (in mm) between the core electrode and the electrode with the highest r 2 (P dist for P c vs. x, and D dist for The averages for r 2 and distances are derived from means and medians, respectively conducive to comprehensive examination of upper extremity movements as done in the present study.
Limitations
Since ECoG grid placement was guided by clinical needs, it is unlikely that optimal M1 coverage was achieved for all subjects and movement types. This may have been exacerbated by the small size of the HD-ECoG grids (compared to standard ECoG grids), which makes it less likely to cover the entire motor representation area of the arm with a single grid. In addition, many core channels were found along the central sulcus, which may indicate that intrasulcal areas could play a significant role in the encoding of movement velocity. Testing of this hypothesis would require implanting electrodes into the intrasulcal areas, which cannot be achieved with typical ECoG implantation techniques. Given that subject selection was limited to those with ECoG grids over the M1 upper extremity representation area, other motor-relevant areas, such as the supplementary motor cortex and premotor cortex, were not consistently covered. This precluded systematic examination of the role of these areas in the encoding of upper extremity movement speed and duration.
The experimental design required subjects to follow pacing animations on a computer screen, which presumably involved a higher level of attention. Prior neuroimaging studies suggest that execution of complex and simple finger movements involve different neural control mechanisms (Wiestler and Diedrichsen 2013) . However, the reports on M1's role in these tasks are conflicting (Wexler et al. 1997; Shibasaki et al. 1993) . Therefore, it is unclear if the M1 electrophysiological patterns observed in the current study will generalize to situations where subjects are performing motor tasks requiring less attentional demand. Answering this question would require a new set of experiments.
Finally, the study was limited to three elementary upper extremity movement types, and so it is not known whether the patterns observed here generalize to other types of elementary arm movements. However, given the fact that these three movement types span the breadth of the arm motor cortex, yet show consistent encoding patterns, it can be expected that other movement types not studied here are also encoded in a similar manner.
Conclusion
For each type of elementary arm movement, there are M1 areas that generate high-c activity with the power proportional to movement speed and over a time period proportional to movement duration. These observations provide evidence that M1 plays an important role in encoding of both movement velocity and duration. In addition, faster movements cause high-c activation over larger M1 areas, suggesting a phenomenon similar to the spatial recruitment process in neuromuscular motor units. Finally, channels that are relevant for encoding movement velocity and duration generally follow somatotopic arrangement. These findings deepen our understanding of the role of M1 in the arm motor control. From a practical standpoint, they may be exploited to extract highly informative features in future brain-computer interface (BCI) applications.
Since moving at higher speeds is confounded by stronger muscle forces, there is a possibility that the observed gamma activity patterns encode muscle activity. Providing a definitive answer to this question requires a separate set of experiments that will be pursued in future studies. Additional studies could also be designed to characterize the physiological features underlying human upper extremity movements from other cortical areas, such as the supplementary motor cortex, premotor cortex, primary sensory cortex, or sensory association areas. These findings could help elucidate the way different cortical areas participate and interact in upper extremity control. Figs. 12, 13, 14, 15, 16, 17, 18, 19, 20 and 21 . Average is mean ± 1 sd. The Amplitude r 2 were derived from data of all speeds as well as the zero-speed holding epochs between the movements, whereas the Duration r 2 were only derived from movement data Appendix E: Determining envelope filter cutoffs Table 1 ). In addition, the main lobe of the filter's impulse response is $ 400 ms, which is consistent with a typical duration of an integration window in ECoG-based BCI studies (Wang et al. 2013e) . Finally, its zero-phase (acausal) nature ensures that the temporal relationship between the trajectory and c-power bursts remains preserved, as can be seen in Fig. 40 .
To verify the robustness of our results, we reanalyzed Subject 2's data while perturbing the parameter f c . Specifically, brain maps of D M =W M as well as r 2 between D M and W M were recomputed while varying the value of f c from 2 to 5 Hz. Naturally, as f c increased, the time constant, s d , decreased, thereby reducing the value of D M , and consequently the ratio, D M =W M . However, this affected all electrodes in a similar manner and merely rescaled the D M =W M maps, as can be seen by comparing Figs. 6 and 38. On the other hand, the r 2 maps remained essentially unchanged, as can be seen by comparing Figs. 10 and 39. This indicates that the goodness-of-fit of the linear model given by Eq. (4) did not change and remained high in the relevant areas, especially near the core electrode. At the same time, the r 2 values between D I and W I remained low, suggesting an appropriate choice of thresholds for P c calculation (see Sect. 2.4.6).
Finally, Fig. 40 shows the evolution of P c as f c varies from 2 to 40 Hz. Starting from f c ¼ 10 Hz, the period of elevated P c was no longer contiguous, which undermined the definition of D M (see Sect. 2.4.3) . At the same time, the amplitude of high-c power bursts outside of movement periods increased, resulting in a significant loss of signalto-noise ratio. This is not surprising since at f c ! 10 Hz, the time constant of the filter (s d 42 ms) no longer matches The color of each symbol indicates the electrode's r 2 value. Compare to Fig. 10 the characteristic time scale of ECoG signals and is therefore highly suboptimal for analysis. 
